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System identification of full-scale surface vessels must address significant uncertainties arising from model mis-
match, sensor noise, and environmental disturbances. To provide safety, robustness, and constraint satisfaction
guarantees, especially for autonomous navigation applications, it is essential to quantify the bounds of parametric
model uncertainty. This paper proposes a set-membership identification method for estimating key parameters of
a nonlinear vessel maneuvering model, including inertia and added-mass terms, other hydrodynamic derivatives
in the Coriolis-centripetal, damping matrices, and actuation-related parameters. The method provides a bounded-
error characterisation of uncertainties, offering a reliable framework for modelling the effects of measurement
noise, wind, and waves. It involves computing a data-driven parameter set (DDPS) using input-output measure-
ments and model assumptions, which is further used to compute a feasible parameter set (FPS). The parameter
estimates are then obtained by iteratively solving a quadratic program over the FPS polytope. Validation of the
method using experimental data from a full-scale catamaran demonstrates improved accuracy of up to 26.5% as
compared to existing approaches, significantly faster computational times, and its capability to provide bounded

parameter estimates.

1. Introduction

Accurate prediction of ship maneuvering motions is essential for safe
and efficient autonomous operations, particularly in confined water-
ways such as rivers, canals and port areas. To obtain accurate maneu-
vering models, a combination of model-scale free-running experiments
(using a scaled model of the vessel) and mathematical model-based
methods is often employed (Alexandersson et al., 2022). Free-running
experiments, including turning circles, zig-zag and spiral maneuvers,
provide realistic measurements of the vessel behaviour in environments
such as towing tanks, lakes or open seas. Based on these experiments,
model-based system identification methods estimate key physical pa-
rameters of the vessel, including the hydrodynamic coefficients. The re-
sulting models facilitate precise predictions of the vessel’s maneuvering
performance, making them suitable for applications such as autopilot
control design, route planning, collision avoidance and fault diagnosis
algorithms (Dhyani et al., 2026, 2025; Zhang et al., 2025).

Model-scale tests and simulations require extrapolation to full scale
(conforming to the vessel’s actual size), which introduces significant un-
certainties from scale effects and environmental variations (Birk, 2019).
As a result, further validation using full-scale experiments is necessary.
For vessels already in service, such tests are typically preferred for sys-
tem identification. However, identification from full-scale data must
particularly address significant modelling and measurement uncertain-
ties (Alexandersson et al., 2022). Moreover, some parameters are inher-
ently challenging to identify due to their dependence on specific op-
erations and environmental conditions. In particular, multicollinearity
among hydrodynamic terms can make strongly correlated coefficients
difficult to distinguish and accurately identify (Luo, 2016).

Recent studies have explored a range of data-driven and model-
based approaches for full-scale vessel identification (see Table 1). In
Wang et al. (2024), a neural-network model with multistep constraints
was used to capture the dynamics of a full-scale offshore research ves-
sel. Zhang et al. (2022) employed a support vector regression method
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\begin {align}&\dot {\eta }=R(\psi )\nu , \label {eq:kinematic}\\ &M \dot {\nu }+C(\nu )\nu +D(\nu )\nu =\tau +\tau _{d}, \label {eq:kinetic}\end {align}


$\eta ={\begin {bmatrix} x_p & y_p & \psi \end {bmatrix}}^T$


$\nu = \nolinebreak {\begin {bmatrix} u & v & r \end {bmatrix}}^T$


$u,v$
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$\tau ={\begin {bmatrix} \tau _{u} & \tau _{v} & \tau _{r} \end {bmatrix}}^T$


$\tau _{d} \in \mathbb {R}^3$
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$R(\psi )$


$3\times 3$


\begin {align}M & = \begin {bmatrix} m- X_{\dot {u}} & 0 & 0 \\ 0 & m-Y_{\dot {v}} & mx_G-Y_{\dot {r}} \\ 0 &mx_G-N_{\dot {v}} & I_{z_p}-N_{\dot {r}} \end {bmatrix}, \ \text { and, } \\ R(\psi ) &=\begin {bmatrix} \text {cos} (\psi ) & -\text {sin} (\psi ) & 0 \\ \text {sin} (\psi ) & \text {cos} (\psi ) & 0\\ 0 & 0& 1 \end {bmatrix} .\end {align}
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$C(\nu ), D(\nu )$


\begin {equation}\begin {aligned} C(\nu )& = \begin {bmatrix} 0 & 0 & c_{13}(\nu ) \\ 0 & 0 & c_{23}(\nu )\\ -c_{13}(\nu ) & -c_{23}(\nu ) & 0 \end {bmatrix},\\ D(\nu )& = \begin {bmatrix} d_{11}(\nu ) & 0 & 0 \\ 0 & d_{22}(\nu ) & d_{23}(\nu ) \\ 0 & d_{32}(\nu ) & d_{33}(\nu ) \end {bmatrix}, \end {aligned} \label {Xeqn1-4}\end {equation}


$c_{13}(\nu )=-m(x_Gr+v)+Y_{\dot {v}}v+Y_{\dot {r}}r$


$c_{23}(\nu )=mu-X_{\dot {u}}u$


$d_{11}(\nu )=-X_u -X_{|u|u}|u| - X_{uuu}|u^2|$


$d_{22}(\nu )=-Y_v -Y_{|v|v}|v| - Y_{|r|v}|r|$


$d_{23}(\nu )=-Y_r -Y_{|v|r}|v| - Y_{|r|r}|r|$


$d_{32}(\nu )=-N_v -N_{|v|v}|v| - N_{|r|v}|r|$


$d_{33}(\nu )=-N_r-N_{|v|r}|v| - N_{|r|r}|r|$
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\begin {equation}\label {eq:azimuth} \tau = \begin {bmatrix} \tau _{u} \\ \tau _{v} \\ \tau _{r} \end {bmatrix} = \begin {bmatrix} X_{pr,1}+X_{pr,2}\\ Y_{pr,1}+Y_{pr,2}+Y_{\text {bow}}\\ N_{pr,1}+N_{pr,2}+N_{\text {bow}} \end {bmatrix},\end {equation}
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$i \in \{1,2\}$


\begin {equation}\label {eq:thrust} \begin {aligned} X_{pr,i} &= F_{t,i}\text {cos}(\delta _{c,i})-F_{d,i}\text {cos}(\beta _{i})-F_{l,i}\text {sin}(\beta _{i})\\ Y_{pr,i} &= F_{t,i}\text {sin}(\delta _{c,i})-F_{d,i}\text {sin}(\beta _{i})+F_{l,i}\text {cos}(\beta _{i})\\ N_{pr,i} &= x_RY_{pr,i}-y_{R,i} X_{pr,i} \end {aligned}.\end {equation}
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\begin {equation}F_{t,i} = C_{t,i}\omega _{c,i}^2, \quad i \in \{ 1,2\}, \label {Xeqn4-7}\end {equation}
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\begin {equation}\begin {aligned} F_{d,i} &= 0.5\rho A_R(C_{d,0}+C_{d,1}|\phi _i|)V_i^2\\ F_{l,i} &= 0.25\rho A_RC_{l,1}\sin (2\phi _i)V_i^2 , \quad i \in \{ 1,2\}, \end {aligned} \label {Xeqn5-8}\end {equation}
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$\theta \in \mathbb {R}^{n_\theta }$


$n_\theta = 27$


\begin {equation}\label {eq:theta} \theta = {\begin {bmatrix} \theta _1 & \theta _2 & \theta _3\end {bmatrix}}^T,\end {equation}


\begin {equation}\begin {aligned} \theta _1& = \begin {bmatrix} I_{z_p} & X_{\dot {u}}& Y_{\dot {v}}& Y_{\dot {r}}& N_{\dot {v}}& N_{\dot {r}}& X_{u} & X_{|u|u}& X_{uuu} \end {bmatrix}, \\ \theta _2& = \begin {bmatrix} Y_v& Y_{|v|v}& Y_{|r|v}& Y_{r}& Y_{|v|r}& Y_{|r|r} & N_v & N_{|v|v}& N_{|r|v}\end {bmatrix}, \\ \theta _3& = \begin {bmatrix} N_r& N_{|v|r}& N_{|r|r}& C_{t,1} & C_{t,2} & C_{l,1}& C_{d,0}& C_{d,1}& A_{R} \end {bmatrix}. \end {aligned} \label {Xeqn9-10}\end {equation}


\begin {align}x(k+1) &= G(x(k),u(k))\xi \label {eq:sys_lp1}\\ y(k) &= x(k)+ n(k), \label {eq:sys_lp2}\end {align}


$G \in \mathbb {R}^{n\times n_\xi }$
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\begin {equation}\begin {aligned} x(k) &={\begin {bmatrix} \eta (k) &\nu (k) \end {bmatrix}}^T \\ u(k) &= {\begin {bmatrix} \delta _{c,1}(k) & \delta _{c,2}(k) & \omega _{c,1}(k) & \omega _{c,2}(k) \end {bmatrix}}^T. \end {aligned} \label {Xeqn10-12}\end {equation}


$\xi \in \mathbb {R}^{n_\xi }$


$n_\xi = 78$
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$f: \mathbb {R}^{n_\theta }\to \mathbb {R}^{n_\xi }$


$\xi $


$G$


\begin {equation}\label {eq:n_bound} |n(k)| \leq \bar {n} \Leftrightarrow n(k) \in \mathcal {N}(k) = \{n(k) \in \mathbb {R}^n, Hn(k)\leq h_n\},\end {equation}


\begin {equation}\begin {aligned} H &= {\begin {bmatrix} I_n & -I_n \end {bmatrix}}^T \in \mathbb {R}^{2n\times n},\\ h_n &= \begin {bmatrix} \underbar {n}& \overline {n} \end {bmatrix} \in \mathbb {R}^{2n}, \end {aligned} \label {Xeqn12-14}\end {equation}
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\begin {equation}\label {eq:system_comp} y(k+1) = \mathfrak {g}(k) + n(k+1),\end {equation}


$\mathfrak {g}(k)\in \mathbb {R}^{n}$


\begin {equation}\label {eq:shortG} \mathfrak {g}(k) = G(y(k)-n(k),u(k))\xi ,\end {equation}
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\begin {equation}\begin {aligned} \label {eq:x_bound} \underbar {x}(k)&= y(k)-\bar {n}\leq y(k)-n(k) \leq y(k)+\bar {n}= \overline {x}(k),\\ \Leftrightarrow x(k)& \in [ \underbar {x}(k),\overline {x}(k)] = [x(k)]. \end {aligned}\end {equation}


$[x(k)]$


$G(y(k)-n(k),u(k))$


\begin {equation}\label {eq:g_bound} \begin {aligned} [\underbar {G}(k), \overline {G}(k)] \supseteq G([x(k)],u(k)). \end {aligned}\end {equation}


\begin {equation}\begin {aligned} \label {eq:g_bound2} &\mathfrak {g}(k) \in \mathcal {G}, \\ &\mathcal {G} = \{\mathfrak {g}(k) \in \mathbb {R}^n | H \mathfrak {g}(k) \leq h_g(y(k),u(k)) \}, \end {aligned}\end {equation}


$h_g(y(k),u(k)) \in \mathbb {R}^{2n}$


\begin {equation}h_g(y(k),u(k)) = \begin {bmatrix}\Delta y(k)+ G_r(k)\bar {\xi } \\ -\Delta y(k)+ G_r(k)\bar {\xi } \end {bmatrix}. \label {Xeqn18-20}\end {equation}
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\begin {equation}H(\mathfrak {g}(k)+n(k+1)) \leq h_g(y(k),u(k))+h_n. \label {Xeqn19-21}\end {equation}


\begin {equation}\label {eq:ddps} \begin {split} \Delta (k) = &\left \{ \xi \in \mathbb {R}^{n_\xi } | HG([x(k)],u(k))\xi \leq \right . \\ & \left . h_g(y(k),u(k)) +2h_n \right \}. \end {split}\end {equation}


\begin {equation}\label {eq:ddps_concise} \Delta (k) = \{ \xi \in \mathbb {R}^{n_\xi }| H_{\Delta } (k) \xi \leq h_{\Delta } (k)\},\end {equation}


$H_{\Delta } (k) = HG([x(k)],u(k)) \in \mathbb {R}^{2n \times n_\xi }$


$h_{\Delta } (k) = h_g(y(k),u(k)) +2h_n \in \mathbb {R}^{2n}$


$\theta $


\begin {equation}\label {eq:recover_theta} \xi = \xi _0+ J (\delta \theta ),\end {equation}


$\xi _0$


$\theta _0$


$J = \partial \xi /\partial \theta |_{\theta _0} \in \mathbb {R}^{n_\xi \times n_\theta }$


\begin {equation}\label {eq:ddps_theta} \begin {split} \Delta _\theta (k) = &\left \{ \delta \theta \in \mathbb {R}^{n_{\theta }} | HG([x(k)],u(k))J \delta \theta \leq \right . \\ & \left . -HG([x(k)],u(k)) \xi _0 +h_g(y(k),u(k)) +2h_n \right \}, \end {split}\end {equation}


\begin {equation}\label {eq:ddps_theta_concise} \Delta _\theta (k) = \{ \delta \theta \in \mathbb {R}^{n_\theta }| H_{\Delta _\theta } (k) \delta \theta \leq h_{\Delta _\theta } (k)\},\end {equation}


$H_{\Delta _\theta } (k) = HG([x(k)],u(k))J \in \mathbb {R}^{2n \times n_\theta }$


$h_{\Delta _\theta } (k) = -HG([x(k)],u(k)) \xi _0+h_g(y(k),u(k)) +2h_n \in \mathbb {R}^{2n}$


$\xi $


\begin {equation}\label {eq:FPS} \Pi (k) = \{\xi \in \mathbb {R}^{n_\xi } | H_\xi (k) \xi \leq h_\xi (k)\},\end {equation}


$H_\xi (k) \in \mathbb {R}^{2 n_\xi \times n_\xi }$


$h_\xi (k) \in \mathbb {R}^{2n_\xi }$


$H_\xi (0) = {\begin {bmatrix}I_{n_\xi }&-I_{n_\xi }\end {bmatrix}}^T$


$h_\xi (0) = {\begin {bmatrix}\underline {\xi }& \overline {\xi }\end {bmatrix}}^T$


$k$


\begin {equation}\label {eq:FPSupdate} \Pi (k) = \Pi (k-1) \cap \Delta (k), \forall k = 1, \dots , N.\end {equation}


$(H_\xi (k), h_\xi (k))$


\begin {equation}\label {eq:FPSupdate2} H_\xi (k) = \begin {bmatrix} H_\xi (k-1)\\ H_\Delta (k) \end {bmatrix} , \ h_\xi (k) = \begin {bmatrix} h_\xi (k-1) \\h_\Delta (k) \end {bmatrix}.\end {equation}


$\delta \theta \in \mathbb {R}^{n_\theta }$


$\theta _0$


$\Phi = H_\xi (N)$


$\mu = h_\xi (N)$


$N$


\begin {align}\min _{\delta \theta } & \frac {1}{2}\|\Phi (\xi _0 + J (\delta \theta )) - \mu \|_2^2+\frac {\lambda }{2}\| \delta \theta \|_2^2 \label {eq:QP_obj}\\ \text {s.t. } & \underline {\theta }\leq \theta _0+ \delta \theta \leq \bar {\theta }, \label {eq:QP_c1}\\ & H_{\Delta _\theta } \delta \theta \leq h_{\Delta _\theta }.\label {eq:QP_c2}\end {align}


$\lambda $


$H_{\Delta _\theta },h_{\Delta _\theta }$


\begin {equation}\begin {aligned} H_{\Delta _\theta } &= {\begin {bmatrix} H_{\Delta _\theta } (1) & \dots H_{\Delta _\theta } (N-1) \end {bmatrix}}^T \in \mathbb {R}^{2n(N-1)\times n_\theta },\\ h_{\Delta _\theta } &= {\begin {bmatrix} h_{\Delta _\theta } (1) & \dots h_{\Delta _\theta } (N-1) \end {bmatrix}}^T \in \mathbb {R}^{2n(N-1)},\\ \end {aligned} \label {Xeqn28-31}\end {equation}


$\delta \theta $


\begin {equation}\Delta _\theta = \{\delta \theta \in \mathbb {R}^{n_\theta }|H_{\Delta _\theta } \delta \theta \leq h_{\Delta _\theta }\}. \label {Xeqn29-32}\end {equation}


$\delta \theta ^\star $


\begin {equation}{\theta }^\star = \theta _0+\delta \theta ^\star . \label {Xeqn30-33}\end {equation}


\begin {equation}\label {eq:bounds} \begin {aligned} \underline {\theta }_i^\star &= \theta _{0,i}+ \min _{\delta \theta \in \Delta _\theta } \delta \theta _i\\ \bar {\theta }_i^\star &= \theta _{0,i}+ \max _{\delta \theta \in \Delta _\theta } \delta \theta _i, \end {aligned}\end {equation}
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\begin {equation}\label {eq:percentagefit} J_\text {fit} = \max \left ( 0, 100 \left (1- \frac {\|y_x-\hat {x}\|}{\max (y_{\text {ref}},\epsilon )}\right ) \right ),\end {equation}


$y_x$


$\hat {x}$


$y_{\text {ref}}$


$\epsilon $


$J_{\text {comp}}$


\begin {equation}J_{\text {comp}} = \frac {t_{\text {CPU}}}{N_{\text {total}}}, \label {Xeqn34-36}\end {equation}
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$\theta ^{(s)} \in \mathbb {R}^{n_{\theta }}$


\begin {equation}\underline {\theta }_i^\star \leq \theta _i^{(s)} \leq \bar {\theta }_i^\star , \quad i \in \{1,\dots ,n_\theta \}. \label {Xeqn35-37}\end {equation}
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\begin {equation}J_{\text {RMSE}}(\theta ^{(s)}) = \sum _{k = 1}^{N_{\text {total}}}(y_x(k)-\hat {x}(\theta ^{(s)},k))^2, \label {Xeqn36-38}\end {equation}
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\begin {equation}\xi = {\begin {bmatrix} \xi _1 & \xi _2 & \xi _3 \end {bmatrix}}^T, \label {Xeqn37-A.1}\end {equation}


\begin {equation}\begin {aligned}\xi _1 &= \frac {1}{(X_{\dot {u}} - m)}{\left [\begin {smallmatrix} -X_{u} \\ 0\\ 0\\0\\0\\ (Y_{\dot {v}} - m)\\ -X_{|u|u}\\ 0\\ 0\\ 0\\ 0\\ (Y_{\dot {r}} - mx_G)\\ -X_{uuu}\\-C_{t,1}\\-C_{t,2}\\-a_2\\ -a_2\\-a_3\\ -a_3\\-a_4\\ -a_4\\ 0\\ 0\\ 0\\ 0\\ 0 \end {smallmatrix}\right ]}^T,\notag \\ \xi _2 &= \frac {1}{a_5} {\left [\begin {smallmatrix} 0\\ -(I_{z_p}Y_{v} - N_{\dot {r}}Y_{v} + N_{v}Y_{\dot {r}} - N_{v}mx_G)\\ -(I_{z_p}Y_{r} + N_{r}Y_{\dot {r}} - N_{\dot {r}}Y_{r} - N_{r}mx_G)\\ ((X_{\dot {u}} - Y_{\dot {v}})(Y_{\dot {r}} - mx_G))\\ -(I_{z_p}X_{\dot {u}} + m^2x_G^2 - N_{\dot {r}}X_{\dot {u}} - I_{z_p}m + N_{\dot {r}}m + Y_{\dot {r}}^2 - 2Y_{\dot {r}}mx_G)\\ 0\\0\\ -(I_{z_p}Y_{vv} - N_{\dot {r}}Y_{vv} + N_{vv}Y_{\dot {r}} - N_{vv}mx_G)\\ -(I_{z_p}Y_{rr} - N_{\dot {r}}Y_{rr} + N_{rr}Y_{\dot {r}} - N_{rr}mx_G)\\ -(I_{z_p}Y_{rv} - N_{\dot {r}}Y_{rv} + N_{rv}Y_{\dot {r}} - N_{rv}mx_G)\\ -(I_{z_p}Y_{vr} - N_{\dot {r}}Y_{vr} + N_{vr}Y_{\dot {r}} - N_{vr}mx_G)\\ 0\\ 0\\ (C_{t,1}Y_{r}(Y_{\dot {r}} - mx_G))\\ (C_{t,2}Y_{r}(Y_{\dot {r}} - mx_G))\\ (a_2Y_{r}(Y_{\dot {r}} - mx_G))\\ -(a_2Y_{r}(Y_{\dot {r}} - mx_G))\\ (a_3Y_{r}(Y_{\dot {r}} - mx_G))\\ -(a_3Y_{r}(Y_{\dot {r}} - mx_G))\\ (a_4Y_{r}(Y_{\dot {r}} - mx_G))\\ -(a_4Y_{r}(Y_{\dot {r}} - mx_G))\\ -(C_{t,1}(a_7))\\ -(C_{t,2}(a_7))\\ -(a_2(a_7))\\ -(a_3(a_7))\\ -(a_4(a_7)) \end {smallmatrix}\right ]}^T,\notag \\ \end {aligned}\end {equation}


\begin {equation}\begin {aligned} \xi _3 & = \frac {1}{a_5}{\left [\begin {smallmatrix} 0\\ (N_{v}Y_{\dot {v}} - N_{\dot {v}}Y_{v} - N_{v}m + Y_{v}mx_G)\\ (N_{r}Y_{\dot {v}} - N_{\dot {v}}Y_{r} - N_{r}m + Y_{r}mx_G)\\ -((X_{\dot {u}} - Y_{\dot {v}})(Y_{\dot {v}} - m))\\ -(N_{\dot {v}}X_{\dot {u}} - Y_{\dot {r}}Y_{\dot {v}} - N_{\dot {v}}m + Y_{\dot {r}}m - X_{\dot {u}}mx_G + Y_{\dot {v}}mx_G)\\ 0\\0\\ -(N_{\dot {v}}Y_{vv} - N_{vv}Y_{\dot {v}} + N_{vv}m - Y_{vv}mx_G)\\ (N_{rr}Y_{\dot {v}} - N_{\dot {v}}Y_{rr} - N_{rr}m + Y_{rr}mx_G)\\ (N_{rv}Y_{\dot {v}} - N_{\dot {v}}Y_{rv} - N_{rv}m + Y_{rv}mx_G)\\ -(N_{\dot {v}}Y_{vr} - N_{vr}Y_{\dot {v}} + N_{vr}m - Y_{vr}mx_G)\\ 0\\ 0\\ -(C_{t,1}Y_{r}(Y_{\dot {v}} - m))\\ -(C_{t,2}Y_{r}(Y_{\dot {v}} - m))\\ -(a_2Y_{r}(Y_{\dot {v}} - m))\\ (a_2Y_{r}(Y_{\dot {v}} - m))\\ -(a_3Y_{r}(Y_{\dot {v}} - m))\\ (a_3Y_{r}(Y_{\dot {v}} - m))\\ -(a_4Y_{r}(Y_{\dot {v}} - m))\\ (a_4Y_{r}(Y_{\dot {v}} - m))\\ -(C_{t,1}(a_6))\\ -(C_{t,2}(a_6))\\ -(a_2(a_6))\\ -(a_3(a_6))\\ -(a_4(a_6)) \end {smallmatrix}\right ]}^T \end {aligned}\end {equation}


$a_2 = 0.5\rho A_R C_{d,0}$


$a_3 = 0.5\rho A_R C_{d,1}$


$a_4 = 0.5\rho A_R(0.9 C_{l,1})$


$a_5 = I_{z_p}Y_{\dot {v}} + m^2x_G^2 - N_{\dot {r}}Y_{\dot {v}} + N_{\dot {v}}Y_{\dot {r}} - I_{z_p}m + N_{\dot {r}}m - N_{\dot {v}}mx_G - Y_{\dot {r}}mx_G$


$a_6 = N_{\dot {v}} - Y_{\dot {v}}x_R + mx_R - mx_G$


$a_7 = I_{z_p} - N_{\dot {r}} + Y_{\dot {r}}x_R - mx_Rx_G$
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combined with a modified grey wolf optimiser for predicting the states
of the full-scale vessel Yukun. Although these methods achieve good pre-
dictive performance, they are purely data-driven and yield parameters
that lack physical interpretability, limiting their usefulness for physics-
based modelling and control design. To address this limitation, Wang
et al. (2022) proposed a hybrid approach that combines a known ves-
sel model with a neural network-based calibrator. However, the pro-
cedure for identifying the physical model parameters remains unspeci-
fied. Alternatively, several studies have adopted white-box or grey-box
modelling approaches to preserve the link to the physical parameters.
For instance, Pedersen (2019) applied grey-box identification to iden-
tify a simplified model of the fully-actuated ferry MilliAmpere. Sonnen-
burg and Woolsey (2013) applied the least squares method to identify
a set of linear first-order models, including a Nomoto (steering) model,
a sideslip lag model, a speed model, and a bilinear thruster model for
a rigid hull inflatable vessel Ribcraft. In Eriksen and Breivik (2017), the
identification of a simple two degrees-of-freedom (DOF) model for an
agile leisure boat Telemetron was carried out using linear regression and
full-scale identification experiments. Wu et al. (2022) employs a support
vector regression algorithm to identify the linear and nonlinear hydro-
dynamic coefficients as well as the damping coefficients of pitch and
roll motions through sea trials and simulations. Song et al. (2022) pro-
posed a multi-innovation least squares algorithm to identify the 4-DOF
vessel dynamics, and demonstrated its application to full-scale trial data
from the Yukun training ship. Revestido Herrero and Velasco Gonzélez
(2012) presented an unscented Kalman filtering approach for parameter
identification of marine vessels, and applied it to identify the parameters
of a high-speed trimaran ferry. Hahn et al. (2023) presented an estima-
tion approach that was employed for the identification of a full-scale
tugboat using measurement data from regular operation. Zhang et al.
(2024) performed experimental identification of the decoupled dynam-
ics of a catamaran ferry, focusing on the surge and yaw motions using
a bounded nonlinear least squares algorithm. Most existing full-scale
identification studies either focus on simplified or decoupled system
dynamics or estimate only a few parameters. Only a few works, such
as Revestido Herrero and Velasco Gonzélez (2012), Song et al. (2022),
consider the complete nonlinear dynamics.

Epistemic uncertainties arising from imperfectly known system pa-
rameters and initial conditions can significantly affect identification per-
formance, thereby necessitating robustness considerations in the identi-
fication process (Der Kiureghian & Ditlevsen, 2009). Conventional iden-
tification methods, such as stochastic approaches, provide a probabilis-
tic treatment of uncertainties; however, the identified parameters often
remain statistically unbounded, especially in nonlinear settings. This can
reduce confidence in the obtained estimates, as the optimisation may
converge to local minima. Furthermore, the assumptions about the dis-
tributions of random variables (e.g., Gaussian with known mean and
standard deviation) are often strict.

In contrast to this approach, a bounded-error characterisation of
uncertainties, while more conservative, avoids assumptions related to
the noise distribution model and the independence of the underlying
random variables. The set-membership identification (SMI) framework
utilises this principle to compute parameter sets consistent with the data
and the assumed uncertainty bounds, such as the measurement noise
and external disturbances (Milanese & Vicino, 1991). Consequently, SMI
provides not only the nominal parameter estimates but also bounds that
enclose the true parameters. This formulation supports robust predic-
tion and control design, ensuring the model’s validity within explicitly
defined uncertainty sets. Furthermore, online identification/update of
the system parameters and states facilitates real-time gain scheduling,
state estimation and fault detection (Rauh et al., 2023). Applying SMI
to full-scale vessel system identification becomes particularly attractive,
as it can further facilitate adaptive and robust control design, ensuring
safe operation under uncertain or variable operating conditions (Loren-
zen et al., 2019; Tanaskovic et al., 2014).
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Fig. 1. The coordinate system of a surface vessel. The variables (x,,, y,) represent
the coordinates of the vessel’s position in the o, frame. u, v and y are the surge,
sway velocities and the heading angle, respectively (Figure adopted from Dhyani
et al., 2026).

This work presents a systematic approach for system identification
of a full-scale, three-degrees-of-freedom (3-DOF) vessel model using the
SMI method. Unlike existing approaches that yield unbounded parame-
ter estimates, the proposed framework explicitly accounts for unknown
but bounded sensor noise and external disturbances affecting the ves-
sel’s measured states, thereby enabling robust parameter estimation.
The identification problem is formulated as a quadratic program (QP),
which reduces to a convex linear optimisation problem, ensuring com-
putational efficiency and convergence. To the best of the authors’ knowl-
edge, parameter identification of a full-scale catamaran-type vessel us-
ing this framework has not been reported in the literature. Therefore,
this work also demonstrates the practical application of the SMI method
to real-world experimental data, establishing its effectiveness for full-
scale identification under realistic operating conditions.

The remainder of the paper is organised as follows: In Section 2, the
vessel’s nonlinear maneuvering model and thrusters model are intro-
duced, along with the key parameters to be identified. Section 3 provides
a detailed description of the proposed SMI method, which involves com-
puting the feasible parameter set (FPS) that is guaranteed to include the
true parameters. In Section 4, the proposed method is validated through
parameter identification of a catamaran-type passenger ferry (DAMEN
Waterbus 2907) by utilising logged data from multiple maneuvers per-
formed during river trials. The method yields both optimal point esti-
mates and bounded parameter sets, providing robust uncertainty quan-
tification. Validation using synthetic data is performed to benchmark
the algorithm’s performance under idealised conditions. Additionally,
sensitivity analysis is performed to determine the most crucial param-
eters for accurate identification. Finally, in Section 5, the conclusions
and key findings are summarised.

2. Vessel maneuvering model

Fig. 1 illustrates the coordinate system of a vessel in 3-DOF with the
North-East-Down reference frame (o, — N E D) and the body-fixed refer-
ence frame (o — x,y,z,) (the D- and z,-axes are not shown). Its detailed
kinetic and kinematic model are described in the following subsections.

2.1. 3-Degrees of freedom (DOF) maneuvering model

The 3-DOF dynamical model of the vessel can be expressed by
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Table 1
Categorisation of studies on full-scale vessel identification.
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Reference Vessel and Type Identification Method Model Identified Model Accuracy Computational Complex-
ity
Revestido Herrero and  Trimaran ferry Nonlinear prediction er-  4-DOF model (including  Moderate-High High
Velasco Gonzalez (2012) ror method, Unscented roll dynamics)
Kalman filter
Sonnenburg and Woolsey Ribcraft, Inflatable boat Least squares method First-order speed and  Moderate-High Low
(2013) yaw-rate models
Eriksen and  Breivik  Telemetron, Leisure boat Linear regression First-order speed and  Moderate-High Low
(2017) yaw-rate models

Pedersen (2019)

MilliAmpere, Ferry

Grey-box modelling

3-DOF fully-coupled and
surge-decoupled models

Moderate-High Moderate-High

Hahn et al. (2021, 2023) Multratug 32, Tugboat Model-based estimation Linear 3-DOF model Moderate-High Low
Zhang et al. (2022) Yukun, Training Ship Support vector regres-  3-DOF black-box model High High
sion, Modified grey wolf
optimiser
Song et al. (2022) Yukun, Training Ship Multi-innovation  least 4-DOF model (including Moderate-High Moderate
squares method roll dynamics)
Wu et al. (2022) Inflatable boat Support vector regression  3-DOF model Moderate-High Moderate
Wang et al. (2022) Gunnerus, Research ves- Hybrid neural network 3-DOF hybrid model High High
sel model
Wang et al. (2024) Gunnerus, Research ves-  Neural network withmul-  3-DOF black-box model High High
sel tistep constraints
Zhang et al. (2024) Maverick, Catamaran Nonlinear least squares  Decoupled surge and  Moderate-High Moderate
method yaw-rate models
This paper Waterbus 2907, Cata-  Set-membership identi-  3-DOF model High Low
maran fication
71 = R(y)v, (1a) second-order modulus model representation (Fedyaevsky & Sobolev,
M+ COv+ D)y =1 +1,, (1b) 1964; Skjetne et al., 2004).

where n=[x, , y/]T is the generalised coordinate vector in
the NED frame, and v=[u v r]T is the generalised velocity vec-
tor in the body-fixed frame, with u, v denoting the linear velocities in
surge and sway, and r denoting the angular velocity (yaw rate). The
variable r = [, 1, rr]T represents the controlled input force vec-
tor and 7, € R? represents the added force vector, which comprises un-
known forces acting on the vessel due to various external factors such
as wind, currents, forces from the towing system, etc (Fossen & Strand,
1999). The terms M and R(y) represent the inertia and rotation matri-
ces respectively, having a 3 x 3 dimension, with

m—X, 0 0
M = 0 m—Y, mxg —Y; |, and, @
0 mxg — Ny Izp - N,
cos(y) —sin(y) O
R(y) =|sin(y) costy) O] 3
0 0 1

Here, m is the vessel’s mass, I Z, is the moment of inertia about the z,—
axis, and, X, Y;, Y;, N, and N, are hydrodynamic parameters that ac-
count for the added mass. Further, x; represents the coordinate of the
vessel’s centre of gravity (COG) along the x,- axis. The terms C(v), D(v)
are the Coriolis-centripetal and damping matrices, respectively, and are
given by

0 0 ci3(v)
C(v) = 0 0 (V)|
c13(v) c3(v) 0 @
dy(v) 0 0
Dv)=| 0 dyv)  du()),
0 dyp(v)  dy(v)

with c13(v) = —=m(xgr+v) + Yo+ Yr, cy3(V) = mu — Xyu,
dy(v)=-X, - Xlululul - quuluzl’ dp(v) ==Y, - Yululvl - YIrIUlrl’
dy(v) ==Y, =Y, lol = Ylrl, dp(v) = =N, = Ny,lvl = Nyyy,lrl, and
d33(v) = =N, = Ny, |v| = Ny Ir|. The terms X, Xy Xowws Yoo Yjojos
Yoo Y Yiopes Yirrs Nos Nigjos Nipjos Ny» Ny and Ny, are the hydro-
dynamic parameters that account for the damping forces within the

2.2. Thrusters modelling

For a twin azimuth-thruster configuration, the controlled input force
vector can be defined as

Tu Xpr,] + Xpr,z

t=|1,|=| Ypu +Yp2 + Yoow | ()
T Npr,l + Npr,z + Npow

where, X, ;, Y,.; and N, ; are the generalised force components for the

ith thruster, i € {1,2}, such that Marley et al. (2023)
X, = F,;c08(5. ;) — Fy cos(f;) — F,;sin(p;)

Y, = Fy;sin(8, ;) — Fy;sin(f;) + F; ;cos(f;) . (6)
Npr,i = XRYpr,i - yR,iXpr,i
Here, F,;, F;; and F;; represent forces due to the ith thruster acting

in the propeller direction, in the relative fluid velocity direction and
perpendicular to the relative fluid velocity, respectively. Further, 6, ; and
p; are the measured or calculated azimuth and flow orientation angles
for the ith thruster, respectively. Finally, x and yg ; are the longitudinal
and lateral coordinates of the thruster’s location. The thruster force can
be defined using the following quadratic relation:

F;= Ct,i(”z,,-, ie{l,2}, 7

where, the constant C,; represents the thrust force coefficient and w,;
represents the propeller revolutions in rad/s. Furthermore, the force
components F,; and F;; can be defined as

Fy;=0.5pAR(Cyp+ Cy V2

®
Fp; = 025pAxC,, sinp)V;2, i€ {1,2},

where, the terms p represents the fluid density, Ay the reference area,
¢; = 6.; — p; is the relative fluid angle of attack and V; is the total fluid
flow velocity. The constants C, , C, ; represent the base drag coefficient
and its variation w.r.t. ¢, respectively, whereas constant C; ; represents
the variation in the lift coefficient w.r.t. ¢.

Remark 1. Notably, this work focuses solely on the vessel’s high-speed
maneuvering; therefore, the bow tunnel thrusters are not employed, re-
sulting in Y., and Ny, having zero values.
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The parameters vector § € R", n, = 27, comprising the parameters
in the vessel maneuvering model (Egs. (1),(5)) to be determined, is given
by :

T
o=1[0, 0, 6. ©)
where
01 - [Izp Xu YL" Yr NE' Ni‘ Xu X\u|u quu]s
0, = [YU Ylulu erlu Y, Ylulr erlr N, NIU\U NIrlu]’
0; =[N, Ny Nir Ga Go Gy Cuo o Cyy Ag].
(10)

The initial values and bounds for these parameters are determined us-
ing empirical formulas, standardised full-scale tests, such as bollard-pull
tests, and/or expert knowledge.

The objective of this work is to estimate the aforementioned parame-
ters of a 3-DOF nonlinear maneuvering model using the SMI method and
to provide their guaranteed bounds. The proposed method is described
in detail in the following section.

3. Set-membership identification (SMI)

SMI enables the identification of unknown system parameters under
the assumption of bounded noise and disturbances, thereby avoiding the
need for a stochastic treatment for these uncertainties. It requires that
the system is linear in the parameters of interest, even if the maneuver-
ing model given by Eq. (1) and the thruster model given by Egs. (5),
(6) are inherently nonlinear with respect to the system states and con-
trol inputs. The nonlinear entry of these parameters into the system dy-
namics also makes the system identification task difficult, as it leads to
a nonconvex objective function. This can further lead to the optimisa-
tion solver converging to a local minima. Consequently, the identified
parameters may not accurately represent the true underlying vessel dy-
namics. To address these issues, the model is transformed and discretised
to obtain a discrete-time linear-in-parameters (DT-LIP) model, given by

x(k + 1) = G(x(k), u(k))é (11a)
yk) = x(k) + n(k), (11b)

where G € R™ denotes a nonlinear basis function in states x(k) € R”
and controlled inputs u(k) € R?, with n = 6 and p = 4, respectively, and
y(k) is the output, which is a function of x(k) and the measurement noise
n(k). The vessel’s states x(k) and the controlled inputs u(k) are respec-
tively defined by

x(k) = [ntk)  v(k)

u(k) = [5c,1(k) Oc2(k) @ (k) w,,(k)
£ eR%, ne =78, is the transformed parameters vector to be identified
(See Appendix A). Note that ¢ differs from the physical parameters in 0,
due to the transformation of the system dynamics into the DT-LIP form,
with the transformation function represented by f : R" — R™. Carry-
ing out this transformation involves formulating ¢ by separating the un-
known parameters from the known states and inputs and vectorising
them, and obtaining G by converting the original nonlinear function in
Eq. (1) into a block-matrix form (see, for e.g., Khosla & Kanade, 1985;
Martinsen et al., 2020). This transformation is straightforward but omit-
ted for brevity.
The bounded noise assumption can be stated as follows:

]T
" (12)

Assumption 1. The noise is unknown and bounded by a known upper
and lower bound, i.e.,

(k)| < 7t & n(k) € N'(k) = {n(k) € R", Hn(k) < h,}, a3
where
H=[1, -1,]" er™",

as
n| € R™,
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with I, denoting an identity matrix of dimension n.

The proposed SMI algorithm can be summarised as follows: Firstly, a
data-driven parameter set (DDPS), A(k) C R" must be computed, using
the DT-LIP description of the system dynamics (Eq. 11), the noise bound
(Eq. 13) and the input-output measurements. The input-output measure-
ments could correspond to logged data or real-time measurements, de-
pending on whether the identification is offline or online. Next, the FPS,
II(k) C R", is computed, using the DDPS and the previous estimate of
the FPS II(k — 1). A parameter estimate 6* is obtained by solving a QP
over II(k), using the DDPS as a constraint. The QP is formulated in terms
of the original parameter vector ¢ instead of the transformed parame-
ter vector &, to avoid the need for a nonlinear transformation to invert
the system dynamics. Finally, the parameter bounds are obtained by
solving a linear program for minimisation/maximisation over the DDPS
polytope. In the case of online identification, both the optimal parame-
ter vector estimate and the bounds must be computed at each iteration.
The steps to compute the DDPS are described in the next section.

3.1. Data-driven parameter set (DDPS) computation

For the DT-LIP system represented by Eq. (11), the DDPS refers to
the set of all parameters that is consistent with the model structure,
measurement data and the noise and disturbance bounds at each time
step k. The DDPS can be approximated as a polytope computed by firstly
combining the equations (11a), (11b), such that

yk+1)=g(k)+n(k+1), (15)
where the term g(k) € R” is given by
a(k) = G(y(k) — n(k), u(k))¢, 16)

and depends on the output y(k) and the control input u(k), which are
known; however, the noise signal n(k) is unknown. Computing the DDPS
requires first computing a polytopic bound for this term, which can be
obtained via interval analysis. Firstly, a bound on the states can be com-

puted as
x(k) = y(k) — it < y(k) — n(k) < y(k) + it = X(k), an
< x(k) € [x(k), X(k)] = [x(k)].

The interval [x(k)] can be updated online for each new measurement. Us-
ing equation (17) and interval arithmetic, a time-varying interval bound
for the nonlinear basis function G(y(k) — n(k), u(k)) can be further com-
puted as in Tsolakis et al. (2025), such that

[G(k), G(K)] 2 G([x(k)]. u(k)). 18)
As a result, Eq. (18) yields the polytopic bounds given by
a(k) € G,

(19)
G = {g(k) € R"|Hg(k) < h,(y(k),u(k))},
where the upper-bound £, (y(k), u(k)) € R2" is calculated using
_ [ Avk) + G(k)é
h (y(k), u(k)) = [—Ay(k)+G,(k).§ . (20)

Here, Ay(k) is the one-step difference equal to (y(k + 1) — y(k)), G,(k)
is the radius of the interval matrix G([x(k)], u(k)) and & is a component-
wise upper bound vector for &. Since the inequalities in (13) and (19) are
pre-multiplied by the matrix H, these can be added together, resulting
in the following inequality

H(g(k) + n(k + 1)) < h(y(k), u(k)) + h,,. (2D

Note that to obtain the above inequality, the noise bound in (13) is
shifted forward by one time step. Finally, substituting the relations in
(16) and (13) into the LHS of the above equation results in the DDPS
given by

A(k) ={¢ € R |HG([x(k)], u(k))E <

(22)
g (y(k), u(k)) + 2h,, }.



A. Dhyani et al.

The above equation can be rewritten in a simplified form as
A(k) = {& e R™|H (k) < hp(K)}, (23)

where H, (k) = HG([x(k)],u(k)) € R>™"  and hp(k) = hg(y(k), u(k)) +
2h, € R?".

To ensure that the physical parameters can be directly obtained
from the parameter identification procedure, the DDPS must be refor-
mulated in terms of the physical parameter vector 6. To carry out this
re-formulation, firstly, the nonlinear mapping from the physical param-
eters to the transformed parameters is linearised as

¢ =& +J(80), (24)

where ¢, is the initial transformed parameter vector computed by using
the initial parameter vector 6, and J = 9£/96],, € R"*" is the Jaco-
bian computed by finite differences. Rewriting Eq. (22) using the rela-
tion in Eq. (24) results in

A,y(k) ={80 € R" | HG([x(k)], u(k))J 660 <

~HG((x(k)], u(k)éo + hy(y(k), u(k)) + 2h,, }, @9
which can be rewritten in a simplified form as
Ag(k) = (60 € R |Hy, (k)50 < hy, (K)). (26)
where H,, (k) = HG([x(K)], u(k))J € R2mmg and hy, (k) =

—HG([x(k)], u(k)éo + hy(y(k), u(k)) + 2h, € R*".
3.2. Feasible parameter set computation

The set of all feasible parameters must be computed by recursively
updating it using the DDPS, starting from an initial bounded parameter
estimate. For the transformed parameters vector &, it can be represented
using polytopes as

(k) = (£ € R"|H(k)¢ < he(K)}, 27)
where H (k) € R2"¢X" and he(k) € R2":. Starting from an initial estimate

T T
of H:(0) = [I,,5 —I,,g] and h:(0) = [é é] , the FPS update at each

time step k is performed such that
(k) = TI(k — D N A(k),Vk = 1,..., N. (28)

This intersection of the two polytopic sets results in a new set defined
by the inequality in (27), with the new pair (H,(k), h;(k)) given by

Hg(k—1) he(k — 1)]

H,(k) = [ Hy () ], he(k) = [ 7y ()

29
As new measurements are incorporated, the polytope can quickly ex-
plode in size and must be kept bounded to avoid computational burden.

The parameter identification problem is formulated as a QP in the
physical parameter increment vector given by 60 € R"¢, around an ini-
tial anchor 6. Defining ® = H:(N) and u = h:(N) as the final stacked
pair representing the FPS at the Nth time step, the constrained QP can
be stated as the following minimisation problem

1 A
min=[| 0 + J(60) = ull3 + 5110113 (302)
s.t. 9 <0,+80 <0, (30b)
Hp, 80 < hy,. (30c)

The variable A represents the regularisation factor that prevents overfit-
ting. Further, the Eq. (30b) represents a box constraint on the physical
parameters. The inequality constraint (30c) enforces the DDPS, where
Hy, by, denote a stacked pair obtained by vertical concatenation, i.e.,

T —
Hy, = [Hp,(1) ... Hy (N =D e R¥N=Dxm,

r (€20)]
hy, = [ha, () . hp, (N = D] € R7N=D,
leading to the compact DDPS representation in 50 given by
Ag = {60 €R"|Hy 60 < hy,}. (32)
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V Data-driven Parameter Set
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v

0" < 6o + 66"

Fig. 2. Architecture of the proposed SMI method.

Table 2

Parameters related to the Damen Waterbus 2907 shuttle.
Parameter Description Value Unit
Lo, Overall length 28.65 m
b Beam 7.50 m
m Mass 45000 kg
Xg Thruster’s x-coordinate -12 m
YR Thruster’s y-coordinate ~ +3.175 m

The resulting solution, §6*, is the smallest parameter increment con-
sistent with both the measured input-output data and the FPS. The iden-
tified optimal parameters vector is given by

0* = 0, + 50*. (33)

Using the above relation, the parameter bounds can also be directly in-
ferred by solving a componentwise min/max problem over the compact
DDPS polytope, such that

6 =6y, + min 56,
= T s0ehy
_ (€2)]
6F = 6y,; + max 66,

" s0ehy
with ¢, and 0; denoting the lower and upper bounds for the ith param-
eter, respectively, for all i € {1, ...,n,}. The overall architecture of the
SMI method is illustrated in Fig. 2.

4. System identification: Damen Waterbus 2907 vessel

In this section, the validation results of the proposed method are
presented, applied to the Waterbus 2907, a hybrid (diesel and battery)
powered water shuttle designed by Damen Shipyards (Damen, 2025),
equipped with two azimuth thrusters and two bow thrusters (See Fig. 3).
Its main parameters, related to its dimensions and mass, are mentioned
in Table 2. The vessel’s maneuvering model is identified using logged
data, including sensor measurements from the onboard global naviga-
tion satellite system (GNSS) and inertial navigation system (INS), as
well as the propulsion system, during various maneuvers performed on
the Merwede River. The controlled inputs correspond to the azimuth
thrusters’ angles and revolution speeds, whereas the bow thrusters are
not employed, as only high-speed maneuvers are considered.
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Table 3
The measurement noise bounds.

Element Value Unit ‘ Element  Value Unit

(1) 2 m ii(4) 0.5 m/s
i(2) 2 m ii(5) 0.5 m/s
i(3) 0.05 rad | @i(6) 0.05 rad/s

Fig. 3. The Waterbus 2907 vessel (Courtesy: Damen shipyards).

The data correspond to tests performed at full speed, including the
zig-zag tests (at thruster angles of +20/-20, +10/-10, and +5/-5 de-
grees) and the turning test, and comprise a total of 3101 data points col-
lected at a sampling rate of 10 Hz. As a result, the total dataset size and
the sampling time are Ny, = 3101 and 7, = 0.1 s, respectively. These
tests provide sufficient persistence of excitation for the input signals,
enabling reliable parameter identification for the given speed profile.
The GNSS measurements are collected with real-time kinematic (RTK)
positioning enabled, providing centimeter-level precision. Furthermore,
the onboard INS provides filtered velocity measurements by fusing raw
data from GNSS and IMU sensors. The tests were performed in calm
waters, with water currents estimated at 3 km/h along the direction of
the river. Further, wind speeds corresponding to a Beaufort Number of
2 were observed. The noise bound vector 7 is obtained using techni-
cal specifications for the onboard sensors, and its elements are given in
Table 3.

4.1. Identification procedure

Algorithm 1 summarises the overall system identification procedure
using the proposed SMI method. For each maneuvering experiment j =
1,...,n;, theinputsu; € RN:*4, and the measured outputs y; € RN are
employed in the identification procedure, where Ny, = N; - n;. Fur-
ther, noise bounds 7 € R" and the initial physical parameter bounds
(6, 9] are utilised, based on technical datasheets and expert knowledge.
At each trial, an initial guess on the parameters, 6,, is randomly selected
inside the parameter bounds. Using 6,, a transformed parameter vector
&, is obtained by using the transformation function f. In the for-loop
(Lines 9-15), the DDPS and FPS are computed for each data point. The
DT-LIP representation (Eq. (11a)) is employed to compute the DDPS, us-
ing the relation in Eq. (23) (Lines 10-11). In addition, the DDPS is trans-
formed into 560-space in lines 12-13. Finally, the FPS is computed in Line
14, represented by a polytope defined by the pair (H, (k), hs(k)). Starting
from an initialisation at the transformed bounds [¢, £]7, it is updated by
intersecting it with the DDPS A(k), defined by the pair (Hy (k), hp(k)).

The compact DDPS polytope, represented by the pair (Hy,, hy,), is
obtained by vertically stacking the pairs obtained for each time step.
The QP is formulated with respect to 66, to obtain the optimal §0* value
(Lines 18-19). Finally, the optimal physical parameter vector 6*, and the
optimal parameter bounds are obtained. For each experiment, the esti-
mated states can be obtained by simulating the model using the optimal
parameter vector 6*.

It is noteworthy that Algorithm 1 can also be implemented for online
parameter updating, since the DDPS and FPS are recursively updated.
However, computational burden in real-time applications must be re-
duced, particularly for the intersection operation described by Egs. (28)
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Algorithm 1 The proposed SMI algorithm.

Input: {(uj(k),yj(k))}:':'=1 for k = {1, ... ,Nj}

Parameters: sample time T, noise bound 7 € R” , initial parameter
bounds ¢ € [0, 0]

Output: Optimal parameters per-experiment 9}*, Bounds [Q}‘, 9;.*]

1: for j =1 to n; do

2 succ « 0
3 while succ < N, do
4: h, < [E ﬁ]
5: 8o ~ U (18,01), & < £(6p) > random restart
6: J < 0£/00], > Jacobian
7 [& E] < f(16,6)) > transformed bounds
8: H,(0) < [IQ —Ing]T, he(0) < [g E]T > initial FPS
9: fork=1to N; - 1do
10: Hy (k) «— HG([x;(k)], u; (k)
11: ha(k) < ho(y;(k).u;(K) + 2h,
12: Hy, (k) < Hy(k)J
13: hA,,(k) «— —HG([xj(k)], uj(k))§0 + hy(k)
H:(k-1 he(k =1
14: H (k) < ;I(A(zo )], he(k) < é’EA(k) >]
15: end for
16: Build stacked H,, € R2N;=Dxng anq hy, € R2MN;=D from
{Hj, (k). hy,(k)}
17: @ « Hy(N) € RN, =hxn and 1< he(N) €
R2n§+2n(Nj—l)
18: Solve the QP described in Eq. (30).
19; 0% < 0y +50*
20: 0F, =0y, +minggen, 56,107 = 0y ; + maxspen, 56;, for
ie{l,.. ny)
21: succ « succ + 1
22: end while
23: end for

and (29). Many approaches have been suggested in the literature to ad-
dress this issue, for example, outer-approximating the FPS at each iter-
ation using predefined normal directions (see Tsolakis et al., 2025).

4.2. Identification results

The parameters of the 3-DOF model of the vessel obtained by using
Algorithm 1 are summarised in Table 4. These correspond to the inertia-
and added-mass-related parameters, the hydrodynamic derivatives, and
the actuation-related parameters. The identified parameters are further
validated by predicting the vessel’s states, as described in the follow-
ing subsections. The simulations are performed using MATLAB, on a
Dell Latitude 7430 with 16 GB RAM and a 1.80 GHz 12th Gen Intel(R)
Core(TM) i7-1265U processor.

4.2.1. Validation using simulations

The identified model is further validated by predicting the vessel’s
linear velocities and yaw rate, and comparing these predictions with
the measurements. Fig. 4 shows the controlled inputs, namely the az-
imuth angles and the propeller revolutions, and the corresponding states
predicted using the identified model. The predicted trajectories closely
match the measured data, demonstrating that the identified model ac-
curately captures the vessel’s dynamic behaviour across diverse maneu-
vers. The slight offset observed in the sway and yaw velocities is likely
due to a combination of two related factors. First, the model assumes
still water conditions, i.e., the relative velocity due to currents is not
taken into account. However, during the tests, a mild river current was
observed (at an estimated speed of 3 km/h), contributing to the ves-
sel’s sideslip and yaw moment. Secondly, wind speeds during the tests,
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Table 4

Identified parameters of the DAMEN Waterbus 2907 shuttle.
Parameter IZ” X, Y, Y, N, N; X, Xjupu X
Value 2.7 x10° —1945.16 —28921.48 —34885.49 —27909.24 -197285.14 —-0.00 -642.59 —-0.00
Unit kgm? kg kg kgm kgm kgm? kg/s kg/m kgs?/m?
Parameter Y, Y0 Y0 Y, Y Y, N, Niyjo Ny
Value -12.93 -24921.71 —95742.81 256.50 —929504.91 496954.14 444.81 213501.59 -70223.26
Unit kg/s kg/m kg kgm kg kgm/rad kgm kgm kgm?
Parameter N, Nmr NW Ci C Cpy Cyo Cyi Ag
Value -0.19 —355262.69 —37454.15 1.25 1.06 0.1 0.1 0.1 8
Unit kg m?/s kgm? kgm? Ns?/rad? Ns?/rad” -/rad - -/rad m?

@
8
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B

Thruster Angles
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Time[sec]

Thruster Revolution Speeds

(a) Controlled inputs including the angles and revolution speeds for
the port-side and starboard thrusters, respectively.
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(b) Comparison between the vessel’s measured linear and angular
velocities and the corresponding predicted values.

Fig. 4. The controlled inputs and the corresponding outputs, including the mea-
sured and predicted states. The predicted states are obtained using the vessel’s
identified model.

although small in magnitude (estimated to be between 4-6 knots), can
lead to time-varying sway forces and yaw moments, with their signs de-
pending on the vessel’s heading. To eliminate these errors and achieve
higher prediction accuracy, incorporating a disturbance model for wind
and current or including bounded disturbances in the DDPS can be ben-
eficial.

Subsequently, the prediction accuracy and computational times are
quantitatively evaluated using two performance metrics. Firstly, the per-

centage fit metric (Jg,) is calculated for each state as

Jgiy = max (0, 100(1 - M))
max(Yyef, €)

where y, and % represent the measured and predicted states, respec-
tively, yr is the reference value, equal to the initial measurement, and
e is a scalar having a small value. Next, the computational time metric
Jeomp is calculated to underline the feasibility of real-time application
of the identification procedure. This metric is calculated as

(35)

fcpu
N total

J, comp = (36)
where tcpy is calculated by using MATLAB’s tic and toc functions, at
the beginning and end of the identification algorithm, and N, is the
total size of the dataset. The average values obtained for the aforemen-
tioned metrics are presented in Table 5 for each test maneuver. Across
all maneuvers, the proposed SMI algorithm achieves a higher average
Jg: value than MATLAB’s nlgreyest algorithm, further confirming its
accuracy and generalizability. In addition, the average Jeom, value is
at least one order of magnitude lower, supporting the case for online
implementation of the SMI algorithm.

4.2.2. Optimal parameter bounds

For each identified parameter, optimal bounds are computed by solv-
ing the pair of linear programs in Eq. (34) over the DDPS polytope. The
resulting intervals are mentioned in Table 6, and visualised in the box
plot as shown in Fig. 5. Most parameters exhibit narrow intervals, in-
dicating that they are tied to directions well excited by the data. The
intervals are expected to shrink as more informative data are added to
the DDPS set and to widen when the noise bounds are expanded. Im-
portantly, the intervals remain non-empty and physically interpretable
across all runs, indicating that the data are free of anomalies.

4.3. Validation using synthetic data

Validation using synthetic data provides a controlled benchmark for
evaluating the proposed algorithm’s accuracy. In this setting, the syn-
thetic dataset is generated using a known model structure and parameter
set, allowing direct comparison between the identified and true parame-
ters. This enables the assessment of the algorithm’s ability to accurately
recover the physical parameters under idealised and controlled noise
conditions. The synthetic data comprises controlled inputs and outputs
for various simulated maneuvers of the vessel. Sensor noise is simulated
using the bounds described in Table 3. The resulting magnitudes of the
identified parameters using synthetic data are shown in Fig. 6. As shown,
the identified parameters are plotted for three scenarios: noiseless syn-
thetic data (yellow markers), noisy synthetic data (blue markers), and
real-world experimental data (green markers). The parameters identi-
fied from real-world data also serve as the ground truth. It can be ob-
served that the identified parameters lie within the same range as the
ground truth and within the previously obtained parameter bounds (Ta-
ble 6). Importantly, the parameter sign consistency is maintained across
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Table 5
Comparison between the average values of the percentage fit and computational time metrics corresponding to each test maneuver.
Zig-zag (—20/20) Zig-zag (—10/10) Zig-zag (-5/5) Turning
Average Jj, value
MATLAB’s nlgreyest 81.45 76.11 61.54 81.49
SMI (Algorithm 1) 86.04 83.59 88.08 86.49
Average Jmmp value [sec]
MATLAB’s nlgreyest  0.0184 0.0228 0.0156 0.0273
SMI (Algorithm 1) 0.0023 0.0030 0.0008 0.0029
%10° Parameter bounds x10°
3T I B e T 3r o
@ @ Identified parameters (data)/ Ground truth
10 H h 25 O Identified parameters (simulation, noiseless)
’ ® @  Identified parameters (simulation, nois,
P (  noisy)
4 Deviation box
5 s
1 fo L
o e R ® 15 e ® o 90c00
s 22 23 24 25 26 27 | = -10 e
% | S o1 A B 20N G0 0 KD D N P P )
<
= i 2 05 o
S Y Y L W X _ S o
E 4 0 o900 ....6Q. [} @. e®00000O
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Fig. 5. Box plot showcasing the lower and upper bounds on the parameters’
magnitudes. The parameters are arranged in the x-axis according to the corre-

sponding element’s index in Eq. (9).
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Fig. 6. Comparison of various parameter magnitudes identified from simula-
tions and real data, along with their ground truth values.

full horizon (Ny,)). Further, prediction uncertainty bands are obtained
by calculating the minimum and maximum values at each time instant
across samples. The resulting plots, including predictions using the nom-
inal and median parameter vectors (9*, , respectively), the prediction
band for each velocity component, are compared with the measured val-
ues, and visualised in Fig. 7. As observed, a tight prediction uncertainty
band is obtained that closely follows the measurements, with the nomi-
nal and median parameter vectors offering similar prediction accuracies
within the band.

To quantify model accuracy for each sampled parameter vector 6,
a root mean squared error (RMSE)-based performance metric Jpygg is
defined, and is given by

Ntotal

Taase @) = Y (0400 = 209, 0,
k=1

(38)

Table 6
The estimated lower and upper bound values obtained for the identified
parameters.
Par. LB UB. | Par.  LB. UB.
Iz,, 2.04 x10° 2.76 x10° Y 246031.5 615078.75
X, —4120 0 N, 0 790
Y, -54370 0 N, 115993 463972
Y, -63150 0 Ny  —120462 0
N, —68942 0 N, —0.45 0
N; —418910 0 Ny —481073.75 —192429.5
X, -20 0 N,  —63174 0
X~ —128706.92 0 G, 0.44 1.31
Xpw ~ —2.00 0 C» 0.44 1.31
Y, -30.00 0 G 0.1 0.6
Y,  —56668 0 Ch 01 0.6
Y, -—187748 0 c,, 01 0.7
Y, 0 462 Ag 8 11
Y -1251352.5  -500541

all cases. This indicates that the identification method generalises well
beyond idealised simulations and yields physically reliable results.

4.4. Sensitivity analysis

Next, the identified model’s sensitivity is evaluated by propagating
parameter uncertainty through the predicted vessel states. This helps
determine the impact of parameter variation on prediction accuracy.
Firstly, a total of 500 parameter vector samples 9¢) € R" were uni-

formly generated within the obtained parameter bounds, such that,
0F <60 <8*, ie{l....ny}. (37)

For each sample, the nonlinear state update is performed using the avail-
able control inputs, resulting in multiple predicted trajectories over the

where y, (k) represents the measured state at the kth time-instant, and
%(09, k) represents the predicted state value at the kth time-instant ob-
tained using sample ). To determine the parameter-wise sensitivity
and the most crucial parameters for predictive accuracy, the Spearman
rank correlation between each parameter 0] and Jyygp is computed
across the samples. The Spearman coefficient, denoted by p,(8;, Jrmsg)s
correlates the ranks of the sampled values, and returns a correlation
factor p € [-1, 1], with a +1 indicating strong correlation between the
parameter ¢; and Jgygp, Whereas values close to zero indicating small
correlation over the range of samples (Corder & Foreman, 2014).

Fig. 8 plots the bar graphs for all parameters with their correspond-
ing Spearman coefficients arranged in a descending order of their mag-
nitudes. Notably, the moment of inertia parameter I, 2 the yaw cross-
coupling resistance parameter N, ,, and the second-order surge resis-
tance parameter X, obtain the highest values, implying that their vari-
ation within the parameter bound range is consistently related to the
changes in the prediction quality. Specifically, the coefficients for I,
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Fig. 7. Plots of the vessel’s measured linear and angular velocities and the cor-
responding predicted values obtained at the nominal (optimal) parameter (6*),
the median parameter (f) in the parameter bounds, and the uncertainty band
representing the minimum and maximum state predictions.
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Fig. 8. Spearman rank correlation coefficient for each parameter across the
samples, with the prediction error metric Jgygg-

and N, are positive, indicating that increasing their magnitudes tends
to produce higher Jpygr Values, as the yaw response becomes more dis-
torted. By contrast, for X ,,, the negative coefficient value indicates that
increasing its magnitude will reduce Jyygg by improving the surge dy-
namics. On the other hand, the third-order surge resistance parameter
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Xy @s well as the sway resistance parameters Y|,,, Y;, have the least
impact on Jyygg, or their effect is masked by interactions with other
parameters. It is also important to note that all coefficients have magni-
tudes within +0.1, implying that none of the parameters dominates the
prediction error on its own.

5. Conclusion

This paper proposed an SMI method for parameter identification of
a full-scale 3-DOF vessel maneuvering model. The method relies on un-
known but bounded descriptions for sensor noise and disturbances to
deliver both nominal parameters and their bounds via the solution of
convex programs. Validation using data from experimental trials with
a full-scale catamaran ferry demonstrated that the proposed method
yields parameters with improved state prediction accuracy while requir-
ing less computational time, as compared to MATLAB’s built-in grey-box
identification method. Specifically, the prediction accuracy improved
by up to 26.5% and the computational time reduced by up to one order
of magnitude per sample. Furthermore, the identified parameters were
consistently obtained within definite bounds across all experimental and
synthetic data validation. The obtained bounds facilitate the deriva-
tion of explicit guarantees for robustness and safety. Finally, through
sensitivity analysis, the impact of parameter variation on the pre-
dicted trajectories was evaluated, and the most crucial parameters were
identified.

Future work will focus on model identification while including
diverse operations, speed profiles, and environmental disturbances,
thereby facilitating dock-to-dock autonomy. In addition, online SMI
for real-time parameter adaptation can enable robust, adaptive control
strategies and is also proposed for future research.
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Appendix A. Transformed parameter vector

e=1g )" 39

with

&H &

TG —m

~(I,Y,~N; YU-ENU Yi—Nymxg)
~(, Y, 4N, Y;=N;Y, =N, mxg)
((ij_yb)(yi_me))
-, Xi+m2xL=N; X, -1, mN;m+Y2=2Y;mx)

0

0
_(IZP YUU_N’.'YUU-'—NUUYI;_NUUme)
_(IzpYrr_Ni'Yrr"'NrrYi'_Nrrme)
Uz, Yy =NpYy + Npy Yi=Npymx )
Uz, Yo =NpYp+ Ny Yi=Nypmx )

1 0
&H=— 0 >

as (€1 Y, (Yz=mxg))
(€Y, (Yi=mxg))
(@Y, (Y;=mxg))
—(@Y, (Y;=mxg))
(@3Y,(Yi—mxg))
—(a3Y,(Yy—mx))
(ayY,(Y;=mx))
—(a4Y, (Y;=mxg))
—(Cy,1(a7))
—(Ci2(a7))
—(ay(az))
—(a3z(a7))
L —(ay(a7)) p

0
(N,Y;=NyY,—N,m+Y,mxg)
(N, Y;=N,Y,—N,m+Y,mxg)
—((X;=Y)(Yy—m))
—(Ny X, =Y Yy,—Nym+Ypm—X mxg+Yymxg)
0

0
—(NpYyy=Nyp Yy + Nyym=Y,,mx)
(Npy Yy =Ny Yo =Npm+Y,mx)
(NppYy=NpYpp=Npym+Ye,mx)
—(NYpr =Ny Yy +Nyrm=Yy,mxc)
0

0
5=L1 =€y ¥, (V=)
as —(C Y, (Yy—m)
—(ayY, (Y —m))
(ay Y, (Yy—m))
—(a3Y,(Y;—m))
(a3Y,(Yy—m))
—(a4Y,(Yy—m))
(agY, (Yy—m))
—(Cy1(ag))
—(C;2(ag))
—(ay(ag))
—(as(ag))
L —(a(ag)) i

where  ay =0.5pARCyp, a3 =05pARCyy,  ay=05pAR(0.9C; ),
as = Iszz‘; + mzxé - N.Y, + N;Y, — Izpm + Nym — Nymxg — Yimxg,
ag = N, =Y xp+mxgp —mxg, a; = Izp — N+ Y;xp — mxpxg.

(40)
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